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Abstract Empirical functions are widely used in hydrological, agricultural, and Earth system models to
parameterize plant water uptake. We infer soil water potentials at which uptake is downregulated from
its well‐watered rate and at which uptake ceases, in biomes with <60% woody vegetation at 36‐km grid
resolution. We estimate thresholds through Bayesian inference using a stochastic soil water balance
framework to construct theoretical soil moisture probability distributions consistent with empirical
distributions derived from satellite soil moisture observations. The global median Nash–Sutcliffe efficiency
between empirical soil moisture distributions and theoretical distributions using reference constants,
inferred median parameters per biome, and spatially variable inferred parameters are 0.38, 0.59, and 0.8,
respectively. Spatially variable thresholds capture location‐specific vegetation and climate characteristics
and can be connected to biome‐level water uptake strategies. Results demonstrate that satellite soil moisture
probability distributions encode information, valuable to understanding biome‐level ecohydrological
adaptation and resistance to climate variability.
Plain Language Summary Vegetation regulates a large fraction of the terrestrial water and
carbon cycles as it adapts and responds to changing environmental conditions such as soil moisture
availability, yet our ability to characterize diversity in vegetation soil water‐use behavior at large scales is
limited. In this study, we analyze satellite observations to estimate thresholds that are commonly used to
approximate when vegetation extracts water from the soil. We show that the newly found values are more
consistent with global patterns of soil moisture compared to constants found in the literature. Spatially
variable plant water uptake thresholds reflect land cover and climate characteristics and can be connected to
water‐use strategies in biomes not dominated by trees.
1. Introduction
Transpiration accounts for over 50% of the global transfer of water from the land back to the atmosphere
(Good et al., 2015). Vegetation regulates terrestrial water and carbon cycles as it responds and adapts to
changing environmental conditions such as soil moisture availability. The driving force moving water from
soils, through plant tissue, and to the atmosphere is the gradient in potential energy state of water (Tyree,
2003). Thus, soil water potential strongly controls transpiration. Plant water uptake is conceptually bound
between thresholds when stomata are fully open, before which plant water uptake is maximum, and when
stomata are fully closed, after which plant water uptake ceases. Plant water uptake thresholds have been
incorporated into soil water‐limitation constraints on evaporation (Feddes et al., 1976), often termed β func-
tions, and are used in many hydrological (Laio et al., 2001; Westenbroek et al., 2018), agricultural (Hlavinka
et al., 2011; Steduto et al., 2009), and Earth system (Baker et al., 2008; Clark et al., 2011; Niu et al., 2011;
Oleson et al., 2013) models.
Contemporary applications routinely parameterize plant water uptake thresholds using universal constants
because spatially variable values, which account for diversity of plant responses to environmental stress, are
generally unavailable. For example, the threshold at which plant water uptake ceases, historically termed
the “wilting point” (Briggs & Shantz, 1912), is commonly set to−1.5 MPa. This value was determined experi-
mentally (Richards & Weaver, 1944) based on observations of leaf vigor in herbaceous plants; however, visi-
ble plant phenological change, such as wilting, may not coincide with the threshold when roots stop
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extracting soil water. Hydrologically meaningful thresholds need to be determined through a framework
reflective of soil water balance.
Empirical soil water‐limitation functions, parameterized with reference constants in many biosphere mod-
els, are generally unable to realistically represent effects of soil moisture on stomatal conductance (Fatichi
et al., 2016; Powell et al., 2013). Furthermore, soil moisture‐limited productivity represents a large and
uncertain component of the simulated terrestrial carbon cycle (Trugman et al., 2018). Recent efforts show
that water uptake thresholds drive sensitivity of flux estimates in Earth system models (Arsenault et al.,
2018) and calibrating wilting points to be consistent with observed spatial patterns in soil moisture improves
simulations (Qiu et al., 2018).
Plant resilience and response to environmental stress is governed by complex and diverse plant hydraulic
traits (Anderegg et al., 2016; Skelton et al., 2015), which are expected to vary depending on vegetation type,
hydroclimatic conditions, ecosystem diversity, and scale. Plant hydraulic strategies vary along a continuum
from drought avoidant to drought tolerant, coupled with safety margins that vary from conservative to risky
(Skelton et al., 2015). Drought‐avoidant plants favor water conservation, with strict stomatal closure in
response to drying soils, and can be associated with isohydry. Drought‐tolerant plants favor carbon assimila-
tion, maintain high stomatal conductance even as soils dry, risking damage due to embolism, and can be
associated with anisohydry (Meinzer et al., 2016). The overall relation between stomatal control and soil
moisture may be strongly related to climate aridity because many traits are coordinated and reflect
trade‐offs between water conservation and plant growth (Li et al., 2018).
Water and carbon fluxes are sensitive to diversity of plant traits within an ecosystem, and the efficacy of sum-
marizing these complex interactions with a single value, resulting from coexistence of species, is uncertain
(Pappas et al., 2016). Remotely sensed observations have been used to identify broad spatial patterns of plant
hydraulic behavior and water‐limitation response beyond the species level and across biogeographic regions
(Feldman et al., 2018; Konings & Gentine, 2017). Global surface soil moisture observations, available
through National Aeronautics and Space Administration's Soil Moisture Active Passive (SMAP) mission
(Chan et al., 2016; Entekhabi et al., 2010), offer opportunities to diagnose satellite‐scale soil water balance
(Akbar et al., 2019; McColl et al., 2017) and are statistically coupled with ecosystem‐relevant subsurface
moisture (Short Gianotti et al., 2019). Relating large‐scale canopy and soil water dynamics remains challen-
ging because vegetation response to water available in soil layers that are deeper than those sensed by satel-
lites is uncertain (Feldman et al., 2018). Efforts focused on canopy water content do not directly translate
dynamics of water uptake, necessary to model the water balance.
We address the need to gain a broader spatial understanding of plant water uptake thresholds and estimate
hydrologically meaningful values at the ecosystem scale. Our approach is independent of vegetation data,
does not require rooting zone soil moisture measurements, and uses shallow satellite soil moisture sensing
depth to its advantage. The shape of local soil moisture probability distributions (p(s)) are constrained by
water uptake thresholds according to a commonly used stochastic soil water balance framework (Laio
et al., 2001). A parsimonious theoretical model of p(s) can be inverted using the Bayes theorem to estimate
ecohydrological parameters (Bassiouni et al., 2018).
This simple modeling framework does not account for the full complexity of stomatal control; however, eco-
hydrological parameters that constrain p(s) can be analytically related to plant hydraulic traits and water‐use
strategies (Manzoni et al., 2014). Empirical p(s) derived from satellite observations and ground‐based mea-
surements are not necessarily comparable because processes controlling the soil moisture dynamics are dif-
ferent at each scale and require scale‐specific parameters (Bassiouni et al., 2018). Plant water uptake
thresholds consistent with large‐scale p(s), which capture the integrated dynamics of grid‐specific vegetation
and climate, may enable more realistic application of widely used empirical soil water‐limitation functions.
We test the hypothesis that satellite soil moisture encodes plant water uptake strategies and we can extract
this information through inverse modeling. The focus of this study is to determine values of ecohydrological
parameters that best fit empirical p(s) derived from satellite soil moisture. We estimate plant water uptake
thresholds that are relevant to β‐type soil water‐limitation functions commonly used to constrain evapotran-
spiration. We describe variability in ecohydrological parameters by vegetation type and climate aridity.
Finally, we summarize trends in inferred ecohydrological patterns and evaluate their connection to
biome‐level water uptake strategies.
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2. Data
We conduct all analysis at a spatial resolution of 36 km EASE‐Grid 2.0 with data spanning April 2015 to
March 2019. The first three‐year period is used for parameter estimation and the fourth year for validation.
Soil moisture at about 5 cm depth is obtained from daily 36 km SMAP L3 (Version 5) (O'Neill et al., 2018). We
analyzed only soil moisture estimates flagged as recommended by the data product, that is, those unaffected
by water bodies, dense vegetation, frozen soil, and radio frequency interference. This restricts our analysis to
temperate and tropical biomes with <60% woody vegetation, representing approximately half of the global
land surface. We compute, for each grid cell, from 3‐hourly 9 km SMAP L4 (Version 4) geophysical data
(Reichle et al., 2018) average daily rainfall depth and frequency (α and λ, Rodriguez‐Iturbe et al., 1984), aver-
age daily rate of equilibrium evaporation (Ep, Priestley & Taylor, 1972) over estimation and validation per-
iods, and the aridity index (AI), defined as the ratio of total annual precipitation to Ep, over the 4‐year record.
Soil hydraulic parameters at 5 cm depth are available at a spatial resolution of 0.25° (Montzka et al., 2017)
and are regridded to 36 km EASE‐Grid 2.0. The biome of each grid cell is classified with the International
Geosphere‐Biosphere Programme (IGBP) (Kim, 2013). We separate grasslands into two classes: temperate,
above 35° north/south latitude and typically dominated by C3 grasses; and tropical/subtropical, from the
equator to 35° north/south latitude and typically dominated by C4 grasses (Still et al., 2003).
3. Methods
3.1. Definition of Ecohydrological Parameters
We estimate four ecohydrological parameters of a piecewise soil moisture loss function (Laio et al., 2001,
Figure S1 in the supporting information) for each grid cell with at least 365 daily SMAP soil moisture over
the 3‐year estimation period: soil saturation at incipient stomatal closure (s*), soil saturation at full stomatal
closure (sw), relative rate of evapotranspiration losses from the surface soil under well‐watered conditions
(Emax/Ep), and relative rate of surface soil water losses at the point of full stomatal closure (Ew/Ep).
We convert s* to Ψ*, soil water potential at which evapotranspiration losses from the surface soil are down-
regulated from their maximum well‐watered rate, and sw to Ψ0, soil water potential at which plant water
uptake from the surface soil ceases, using the Mulalem‐van Genuchten equation (Montzka et al., 2017).
Thresholds Ψ* and Ψ0 thus provide more universal measures to compare plant water uptake behavior across
locations. The ratio of evapotranspiration losses from the surface soil under well‐watered conditions to equi-
librium evaporation (Emax/Ep) is related to the surface‐atmosphere decoupling coefficient (Jarvis &
McNaughton, 1986; Peng et al., 2019).
3.2. Inference of Ecohydrological Parameters
We consider, for each grid cell, a daily water balance (Text S1a) forced with stochastic rainfall inputs (α, λ
derived from data), for a 5 cm soil column (approximate SMAP sensing depth) with known soil physical
characteristics (Montzka et al., 2017). Under the assumption of steady state, locations with the same climate
and soil but different plant water uptake thresholds have different theoretical p(s) (equation S1, Laio
et al., 2001).
The stochastic soil water balance framework is particularly compatible with Bayesian inference because it
provides an analytical equation for a likelihood function (equation S3). We use the Bayes theorem to relate
theoretical p(s) to empirical p(s), derived from satellite soil moisture and estimate ecohydrological para-
meters using a Metropolis‐Hastings Markov chain Monte Carlo algorithm (Bassiouni et al., 2018). We repeat
the algorithm three times with 20,000 steps (10,000 step burn‐in period) and determine that parameters have
converged when each Gelman‐Rubin diagnostic is below to 1.1 (Bloom & Williams, 2015; Gelman &
Rubin, 1992).
Bayesian inference provides means to evaluate when information is insufficient to estimate ecohydrological
parameters. High goodness‐of‐fit between theoretical and empirical p(s) does not directly imply that inferred
parameters translate realistic plant water uptake behavior. We use the coefficient of variation of posterior
parameter estimates to measure uncertainty. We discard nonconverging results to reduce some, but not
all, concerns of equifinality.
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We calculate a theoretical best fit p(s) usingmean values of posterior parameter estimates and a reference p(s)
using constants (Ψ0 =−1.5 MPa;Ψ
* =−0.033 MPa; Emax/Ep= 1; Ew/Ep= 0). We evaluate goodness‐of‐fit for
the validation period between empirical p(s) derived from satellite soil moisture and both best fit and refer-
ence theoretical p(s) using a quantile‐level Nash‐Sutcliffe efficiency (NSE) (Müller et al., 2014).
3.3. Limitations
Our approach based on steady state statistical properties of hydrologic and climatic variables overcomes cer-
tain limitations of large‐scale analyses to detect ecosystem‐scale patterns; however, inferred parameters are
associated with surface soil dynamics and may not represent the full complexity of stomatal control for an
entire plant.
The inverse modeling framework can provide hydrologically meaningful plant water uptake thresholds,
because it parameterizes the water balance of the soil column depth at which satellite soil moisture is
observed. We also expect to detect plant water uptake thresholds, which are better constrained, because soil
moisture in the shallow surface soil column is more homogenous in depth than soil moisture integrated over
a deeper rooting zone.
The shallow satellite soil moisture sensing depth also benefits the inverse modeling approach because soil
moisture is more dynamic at the surface compared to soil moisture integrated over the active rooting depth.
Satellite soil moisture observations thus span a larger range of wet to dry values necessary to construct
empirical p(s). The probabilistic framework also overcomes some limitations of process‐based models and
satellite‐scale data because it does not require concurrent time series of hydroclimatic variables, is not
affected by gaps in observations, relies on few parameters, (Bassiouni et al., 2018), and has relatively low
computational cost.
Our model does not partition plant transpiration and soil water evaporation losses from the surface soil, and
this is a challenge in most ecohydrological studies (Stoy et al., 2019). We can assume Ψ0, Ψ
*, and Emax/Ep
generally reflect plant water uptake behavior if the shape of the piecewise function for soil water losses
(Figure S1) is determined by vegetation. This may not be true in all locations, particularly where evaporation
dominates surface soil water losses compared to transpiration. Barren landscapes, which have less than 10%
vegetation cover, provide estimates of baseline soil water loss functions dominated by soil water evaporation
and help compare soil versus plant controls on the shape of the piecewise function.
We provide additional discussion on method assumptions and limitations and define the equation for p(s)
and all model parameters in Text S1. All parameter values for p(s) and inverse modeling diagnostics (conver-
gence, uncertainty, goodness‐of‐fit) are reported in a global data set (Bassiouni, 2020a). Scripts associated
with this analysis are publicly available (Bassiouni, 2018, 2020b).
3.4. Evaluation of Ecohydrological Patterns
We hypothesize that combinations of inferred ecohydrological parameters produce diverse water uptake
strategies encoded in SMAP. We thus need to evaluate how ecohydrological parameters, inferred indepen-
dently of vegetation data and rooting zone moisture, relate to existing knowledge of plant water
uptake behavior.
Plants make trade‐offs between carbon assimilation and water conservation (e.g., Skelton et al., 2015) and
need to balance plant water uptake and stress from water loss. We combine these contrasting dynamics in
a soil water loss index (ε, equation S4), that is normalized by precipitation and weighted by stress
(Manfreda et al., 2017; Porporato et al., 2001). We derive biome‐level ecohydrological trends to evaluate
and interpret plant water uptake patterns encoded in SMAP data. We connect these trends to
drought‐avoidant and drought‐tolerant water uptake behaviors, with respect to the inferred parameters.
We calculate the sensitivity of the absolute value of ecohydrological parameters (X= |Ψ0|,|Ψ1|, Emax/Ep) toAI
to quantify ecohydrological adaptation (∂X/∂AI) and the sensitivity of ε to AI to quantify ecohydrological
resistance (∂ε/∂AI) for each IGBP class with the nonparametric Thiel‐Sen estimator (Theil, 1992, Text S3).
Positive ecohydrological adaptation translates to a more drought‐tolerant strategy with respect to a para-
meter with greater aridity. Positive ecohydrological resistance translates to a relative increase in water
uptake, given the combination of ecohydrological parameters, as conditions become less favorable.
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4. Results and Discussion
4.1. Estimates of Ecohydrological Parameters
Inferred parameters Ψ0, Ψ
*, and Emax/Ep construct theoretical descriptions of p(s) that are consistent with
empirical p(s) derived from satellite soil moisture, and parameters are highly variable spatially
(Figures 1a–1d). The calibrated stochastic soil water balance framework, although based on a very simplified
piecewise function of soil water losses, performs well in many locations worldwide, and overall parameters
inferred from satellite soil moisture are well constrained. We thus explore whether patterns of mean values
of posterior parameter estimates for each grid cell reflect diversity in biome‐level water uptake strategies and
how they relate to vegetation type and climate.
Global median NSE between empirical and best fit theoretical p(s) for the validation period is 0.80. Only
locations for which NSE > 0.5 are included in subsequent analyses. The coefficient of variation of posterior
parameter estimates is a measure of uncertainty we derive from the Bayesian model inversion, and median
coefficients of variation are 2%, 5%, 7%, and 9% for sw, s
*, Emax/Ep, and Ew/Ep, respectively. Ecohydrological
parameters for the most humid and most arid locations either do not converge or provide poor validation
(Figure 1d). Soil moisture observations at these locations do not span a large enough range of values between
soil saturation and residual soil moisture to construct empirical p(s), and our inference method is thus not
effective. Global median NSE between empirical and reference theoretical p(s) is 0.38, and goodness‐of‐fit
is generally inferior to best fit theoretical p(s) (Figure 1e). Reference constants did not accurately character-
ize p(s) in many of the most arid regions of the world and best characterized p(s) in North American grass-
lands and European croplands.
Thresholds estimated here are associated with stomatal control only in so far as they influence water uptake
from the ~ 5 cm soil column considered and may not translate the physiological behavior of the entire plant,
which can also extract water from deeper layers (Text S1e). Whole‐plant transpiration is expected to stop
when all soil layers in the rooting zone have dried past the critical soil water potential and plant water sto-
rage (capacitance) is exhausted. By the time deeper soil layers have dried past plant water uptake thresholds,
surface soil, sensed by satellites, is generally much drier, and concurrent surface soil water potential would
be more negative than plant water uptake thresholds. This could be a reason why the canonical wilting point
value of −1.5 MPa, which is based on plant vigor, when whole‐plant transpiration ceases, is more negative
than our inferred Ψ0 values, based only on the surface soil water balance. Prior satellite estimates of thresh-
olds at which vegetation water content decreases correspond to more negative soil water potentials than
those found in this study (Feldman et al., 2018). Models that represent water uptake from different soil layers
typically use same thresholds for each depth (Baker et al., 2008; Clark et al., 2011; Oleson et al., 2013). It is
unknownwhether root tissues stop uptake in their respective layers at similar soil water potentials and if our
inferred Ψ0 and Ψ
* thresholds can be applied to model soil water balance in other layers of the rooting zone.
4.2. Variability in Ecohydrological Parameters by Vegetation Type
We summarize ecohydrological parameters using IGBP classifications to explore variability in water uptake
strategies by biome (Figures 2a–2c). Global median NSE between empirical and best fit theoretical p(s) using
median inferred parameters for each biome is 0.59. Median ecohydrological parameters for each biome
inferred from satellite soil moisture (Table S1) may therefore be an improvement over reference constants,
although parameter variability within each biome is large and only a small portion of this variability is
explained by AI (Table S2).
Median Ψ0 is most negative for both temperate and tropical/subtropical grasslands and least negative for
woody savannas and savannas (Figure 2a). Grasslands can extract water from drier soils than other biomes.
This implies that grasslands have more drought‐tolerant strategies, with respect to Ψ0, while woody savan-
nas and savannas have more drought‐avoidant strategies.
Median Ψ* is similar for all biomes. It is most negative for temperate grasslands and least negative for crop-
lands and tropical/subtropical grasslands. (Figure 2b). Temperate grasslands can withdraw soil water at a
maximum rate from drier soils than other biomes. This implies that temperate grasslands, typically domi-
nated by C3 grasses, have generally more drought‐tolerant strategies, with respect to Ψ*, compared to
tropical/subtropical grasslands, typically dominated by C4 grasses and croplands, which often need irriga-
tion in temperate regions to sustain optimal growth.
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Figure 1. Ecohydrological parameters, which best fit empirical p(s) derived from satellite observations. (a) |Ψ0|, soil
water potential when plant water uptake from the surface soil ceases, MPa. (b) |Ψ*|, soil water potential when
evapotranspiration losses from the surface soil are downregulated from their maximum rate, MPa. (c) Emax/Ep, normal-
ized maximum rate of evapotranspiration losses from the surface soil. (d) NSE, goodness‐of‐fit between best fit theoretical
versus empirical p(s). (e) Difference in NSE between best fit and reference theoretical p(s). Mean values of posterior
parameter estimates are visualized. Locations with insufficient observations or nonconverging results are white.
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Median Emax/Ep is close to 1 for temperate grasslands and about 0.5 for savannas and woody savannas
(Figure 2c). Evapotranspiration is generally more coupled with radiation‐limited equilibrium evaporation
in aerodynamically smooth systems such as grasslands, whereas evapotranspiration is more coupled with
stomatal conductance in aerodynamically rougher systems such as woody savannas (Jarvis &
McNaughton, 1986; Peng et al., 2019).
Temperate grasslands are the biome for which median inferred parameters are closest to reference con-
stants, which are based on observations made in temperate climates (Richards & Weaver, 1944). Savannas
and woody savannas are abundant in tropical hot environments, and most often these are semiarid or sea-
sonally dry locations. Leaf‐to‐air vapor pressure gradient may be much larger in savannas, woody savannas,
and tropical/subtropical grasslands than in temperate grasslands, although Ψ0 and Ψ
* are more negative in
temperate grasslands.
Soil water losses for barren landscapes are primarily due to soil water evaporation and effects of downregu-
lation from sparse vegetation may be minimal. Results for barren landscapes compared to other biomes are
generally consistent with our expectation for soil water evaporation (Or et al., 2013). Median ecohydrological
parameters for barren landscapes indicate that soil water evaporation becomes water limited at a less nega-
tive soil water potential than when transpiration becomes water limited; and maximum soil water losses are
close to equilibrium evaporation. We can thus assume that variability in inferred ecohydrological para-
meters between biomes is mainly controlled by vegetation, although it is uncertain to what extent soil water
evaporation affects local parameters.
4.3. Relation Between Ecohydrological Parameters and Aridity
Variability of ecohydrological parameters within each biome may reflect responses or adaptations to local
environmental conditions. Stomatal conductance generally decreases exponentially with increasing vapor
pressure deficit (Oren et al., 1999), and actual evapotranspiration may be downregulated from its potential
value even when soil moisture is not limited (Novick et al., 2016). Trends between ecohydrological para-
meters and AI are evaluated for each biome using a 95% significance level (Table S2).
Trends between |Ψ0| and AI are positive for woody savannas and crop and natural vegetation mosaic; nega-
tive for croplands, open shrublands, and temperate grasslands; about null for savannas and
tropical/subtropical grasslands; and overall strongest for woody savannas (Figure 2d and Table S2).
Woody savannas and crop and natural vegetation mosaic can extract water from drier soils as climate con-
ditions become more arid. This implies that water uptake strategies, with respect to Ψ0, tend to be more
drought tolerant as aridity increases in biomes with some trees; tend to be more drought avoidant as aridity
increases in biomes dominated by shrubs or C3 grasses; and do not adapt for tropical/subtropical grasslands
and savannas, dominated by C4 grasses.
Trends between |Ψ*| and AI are positive for open shrublands and croplands; negative for savannas, woody
savannas, and tropical/subtropical grasslands; about null for crop and natural vegetation mosaic, and tem-
perate grasslands; and overall strongest for savannas (Figure 2e and Table S2). Open shrublands and crop-
lands can extract water at a maximum rate from drier soils as climate conditions become more arid, while
savannas and tropical/subtropical grasslands downregulate water uptake at wetter thresholds. This implies
that water uptake strategies, with respect to Ψ*, tend to be more drought avoidant as aridity increases, for
biomes dominated by C4 grasses, and tend to be more drought tolerant for open shrublands and croplands.
Such patterns are consistent with anisohydric behavior, which is more common in arid shrublands and crop-
lands (Fu & Meinzer, 2019; Konings & Gentine, 2017).
Trends between Emax/Ep and AI are negative for open shrublands, croplands, and crop and natural vegeta-
tion mosaic and strongest for open shrublands (Figure 2f and Table S2). When conditions are energy limited
(AI < 1.5), Emax/Ep tends to increase with aridity for woody savannas and then decrease in water‐limited
conditions (AI > 1.5). There is no trend between Emax/Ep and AI for both temperate and
tropical/subtropical grasslands and savannas, and reflect behavior of aerodynamically uncoupled land cov-
ers (Jarvis & McNaughton, 1986).
Trends between ecohydrological parameters (|Ψ*| and Emax/Ep) andAI for barren landscapes are null. This is
consistent with our expectation that AI does not affect the shape of the soil water loss function dominated by
soil water evaporation.
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Figure 2. Biome‐level ecohydrological trends. (a–c) Ecohydrological parameter variability by biome. Interquartile range
(boxes), median (horizontal lines), 10th and 90th percentiles (whiskers), reference constants (dotted lines), values and
sample sizes (Table S1). (d–f) Median biome ecohydrological parameters by aridity index bins. (g) Ecohydrological
adaptation versus resistance, 95% confidence intervals (vertical and horizontal lines over markers), values and significance
(Table S2).
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4.4. Connection to Biome‐Level Water Uptake Strategies
Geographic distribution of plant species is largely driven by vegetation sensitivity to drought (Engelbrecht
et al., 2007). Theory suggests that plants become more efficient as water becomes scarce (Troch et al.,
2009). Plant species with trait plasticity produce phenotypes adapted outside their optimal environments
(Sultan, 2000) and can withstand a larger range of climates, but sometimes also trade‐off overall lowers effi-
ciency compared to specialized plants in their optimal climate.
We relate ecohydrological adaptation with ecohydrological resistance to connect inferred plant water uptake
thresholds to biome‐level water uptake strategies (Figure 2g). Our results only reflect drought‐tolerant and
drought‐avoidant strategies with respect to the relation between water uptake and soil moisture at the sur-
face. Our results are not able to provide direct information about total plant water uptake and do not neces-
sarily reflect the overall drought survival of a biome. For example, extraction of groundwater using deep
roots is globally prevalent (Evaristo & McDonnell, 2017).
Woody savannas, savannas, and tropical/subtropical grasslands have the most resistant water uptake strate-
gies of the biomes we analyzed. Woody savannas and savannas may be more effective at extracting soil water
in arid conditions compared to other biomes because the combination of individual ecohydrological para-
meter adaptations with AI results in an overall expansion of plant capacity to uptake water. In addition,
C4 grasses, which often occur in hot, water‐limited environments, tend to have higher water‐use efficiency
compared to other plant functional types (Still et al., 2003). Ecohydrological parameters associated with tem-
perate grasslands dominated by C3 grasses are less variable with climate, and temperate grasslands are over-
all less resistant compared to woody savannas and savannas. Plant species, which are specialized at using
resources in a particular climate, can experience greater stress in climatic conditions outside their optimal
range (Sultan, 2000). Ecohydrological resistance is negative for croplands, suggesting water uptake strategies
that do not withstand increasingly arid conditions and compromise their capacity to uptake water.
Ecohydrological resistance is close to zero for barren landscapes.
Our results indicate that water uptake strategies in arid locations are generally more drought resistant. This
is consistent with species‐level studies of plant isohydricity (Fu & Meinzer, 2019; Li et al., 2018), although
this trend is more uncertain in previous global studies (Konings & Gentine, 2017). Our results indicate that
ecohydrological parameters for biomes with the highest ecohydrological resistance adapt to exploit water
from low soil moisture states, occurring more frequently in arid conditions. In contrast, biomes with the low-
est ecohydrological resistance are less able to exploit soil water during the more frequent low soil moisture
states, because as climate becomes more arid, stomatal closure tends to be delayed toward drier conditions to
use soil water at a maximum rate longer, while ceasing plant water uptake at a wetter threshold. Ecosystems
with high ecohydrological resistance, with respect to our results, may be saving water when it is more avail-
able for later opportunities, while ecosystems with low ecohydrological resistance take up water with a more
instantaneous gain. These patterns are relevant to understanding optimal stomatal conductance theories at
different temporal and spatial scales (Mencuccini et al., 2019).
We compare vegetation water‐use sensitivity to water availability at the biome‐level based on AI, although
spatial distribution of species‐level drought sensitivity within and between ecosystems in a biome may vary
significantly. We acknowledge that AI only captures a small portion of spatial variability in ecohydrological
parameters, and there are many other factors that affect parameters that are often also correlated with AI.
5. Conclusions
We provide ecosystem‐scale ecohydrological parameters for biomes with <60% woody vegetation consistent
with observed probability distributions of satellite soil moisture and a parsimonious surface soil water bal-
ance. Inferred parameters integrate grid‐scale plant water uptake dynamics from satellite observations
and capture location‐specific land cover and climate characteristics.
Our approach based on statistical properties of hydrologic and climatic variables overcomes some limita-
tions of large‐scale analyses, although satellite observations currently do not capture all plant water uptake
(Text S1e). Our results characterize a diversity of drought‐tolerant and drought‐avoidant behaviors at a spa-
tial scale beyond what has been possible using species‐level traits. Further research is needed to relate
ecosystem‐scale plant water uptake strategies inferred from satellites with ground‐truth observations.
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Critical soil water potentials derived from a soil water balance may be more applicable to hydrological equa-
tions than those correlated with observable plant phenological change. Our results may improve commonly
used empirical soil water‐limitation functions compared to reference constants. A major challenge of this
study is that the plant water uptake thresholds we infer are parameters models use to simplify the complex
soil‐plant‐atmosphere continuum and are not quantities measured in the field. There is no direct method to
validate our results against observations. Further research is needed to apply ecohydrological parameters
inferred from satellite observations in hydrological and Earth system models and evaluate
their performance.
Plant water uptake thresholds estimated in this study are consistent with surface soil moisture dynamics,
and their relation to total biome evapotranspiration integrating the full rooting zone remains uncertain. It
is uncertain to what extent dynamics of soil water evaporation affect our inferred thresholds because we
are unable to partition soil moisture limitations on evaporation and transpiration. Further research is
needed to determine whether plant water uptake thresholds inferred from surface soil moisture are different
than those associated with deeper soil layers.
We provide a simple data‐driven framework using global satellite data to diagnose the relation between
plant water uptake and soil water balance that can enhance understanding of ecohydrological adaptation
and resistance.
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